Parks and protected areas provide a wide range of benefits, but methods to evaluate their importance to society are often ad hoc and limited. In this study, the quality of crowdsourced information from Public Participation GIS (PPGIS) and Volunteered Geographic Information (VGI) sources (Flickr, OpenStreetMap (OSM), and Wikipedia) was compared with visitor counts that are presumed to reflect social importance. Using the state of Victoria, Australia as a case study, secondary crowdsourced VGI data, primary crowdsourced (PPGIS data) and visitor statistics were examined for their correspondence and differences, and to identify spatial patterns in park popularity. Data completenessdthe percent of protected areas with datadvaried between sources, being highest for OSM (90%), followed by Flickr (41%), PPGIS (24%), visitation counts (5%), and Wikipedia articles (4%). Statistically significant correlations were found between all five measures of popularity for protected areas. Using stepwise multiple linear regression, the explained variability in visitor numbers was greater than 70%, with PPGIS, Flickr and OSM having the largest standardized coefficients. The social importance of protected areas varied as a function of accessibility and the types of values (direct or indirect use) expressed for the areas. Crowdsourced data may provide an alternative to visitor counts for assessing protected area social importance and spatial variability of visitation. However, crowdsourced data appears to be an unreliable proxy for the full range of values and importance of protected areas, especially for non-use values such as biological conservation.
Introduction
The advent and combination of several technologies, namely the global positioning system (GPS), the internet, Google Maps, smartphones and social media, have transformed the ways we generate, consume and interact with geographic information (Goodchild, 2007; Haklay, Singleton, & Parker, 2008) . In the world of Web 2.0, where citizens can be seen as sensors (as termed by Goodchild, 2007) , and where people voluntarily contribute geographic data, either knowingly or unknowingly, new avenues open for spatial research. Whereas in the past, most geographic information and maps were generated by governments, nongovernmental organizations, and major companies, in the recent decade the sharing of volunteered geographic information (VGI; Fast & Rinner, 2014 ) is rising, and concerns are being raised about its credibility (e.g., Flanagin & Metzger, 2008; Spielman, 2014) . The quality of user-generated or crowdsourced data is an obvious challenge when using big (geo) data, which is characterized by volume, velocity, and variety (Goodchild, 2013) .
Volunteered geographic information (Goodchild, 2007 ) is a form of crowdsourcing (Howe, 2006) where ideas or content are solicited for a certain project, from a large group of people, especially from an online community, with enabling technical infrastructure including hardware, software, and the Geoweb e online locationbased services (Fast & Rinner, 2014) . Public participation GIS (PPGIS) is a term that originated in 1996 to describe how GIS technology could support public participation processes (NCGIA 1996a (NCGIA , 1996b . Although the term crowdsourcing did not originate until a decade later, PPGIS methods that collect spatial data from a large group of people for public participation are considered a type of crowdsourcing (Brown, 2015) . The related fields of VGI and PPGIS, as forms of crowdsourcing for geographic knowledge production, usually differ in their sampling and mapping methods, and both have experienced significant growth as evidenced in the number of real-world applications and academic publications (Brown & Kytt€ a, 2014; Mukherjee, 2015; Sui, Elwood, & Goodchild, 2012) .
While the majority of the examples of VGI mapping have been for land cover mapping (e.g., roads, land use), crowdsourced data can also offer original insights as preferences for geographic locations (Brown, 2015; Lechner et al., 2014) . Locational information can be manually entered (Gao, Li, Li, Janowicz, & Zhang, 2014) or extracted from devices such as smartphones (Birenboim & Shoval, 2016; Shoval, 2007) . Associations with places can be identified through geotagged photos (e.g., Li, Crandall, & Huttenlocher, 2009) , along with methods that analyze and classify the images (e.g., Yanai, Yaegashi, & Qiu, 2009) . Wikipedia articles offer a wide array of options for investigating cultural values associated with sites using quantitative text analysis (as done by Michel et al., 2011 for millions of scanned books, or by Yasseri, Spoerri, Graham, & Kert esz, 2014 for millions of Wikipedia articles), as well as by examining the edits to Wikipedia articles (Graham, Hogan, Straumann, & Medhat, 2014; Hardy, Frew, & Goodchild, 2012) . The density of OpenStreetMap (OSM) edits has been shown to be highly correlated with socioeconomic status of inhabitants (Haklay, 2010) .
Addressing uncertainty associated with crowdsourced data quality such as completeness and accuracy is critical to ensure the reliability of geographic analyses (Comber et al., 2013; Devillers & Jeansoulin, 2010; Shi, 2010) . For VGI data, mutually reinforcing observations, independently derived from different user-generated sources, can serve as a method of data triangulation (Denzin, 2006) to test the correspondence between and completeness of crowdsourcing information. Indeed, integrating multi-sourced volunteered geographic data has been suggested as an approach for enriching the information available and overcoming some of the limitations associated with a single source of user generated data (Sester, Arsanjani, Klammer, Burghardt, & Haunert, 2014) .
In this paper, our aim is to compare user-generated information from several sources with official observations to determine the degree to which different Web 2.0 sources correspond and complement each other. The specific theme pursued here is the importance of protected areas as perceived by the public. A protected area is a clearly defined geographical space, recognised, dedicated and managed, through legal or other effective means, to achieve the long-term conservation of nature with associated ecosystem services and cultural values (Dudley, 2008) . While protected areas may be highly important for their ecological or biological features, of which the public may not be fully aware, our aim is to examine a range of social values associated with protected areas. Because park visitation is a volitional human behaviour, there is clearly personal and social importance (from benefits) associated with visitation activity or people would not visit protected areas. Further, protected area funding (an indirect measure of importance) is often linked to visitation. Thus, the social value of protected areas can be assessed in multiple ways ranging from visitation, a type of popularity measure, to the assessment of specific place values (e.g., scenery, recreation) that people associate with protected areas from crowdsourced methods. In this study we have assessed social value using PPGIS data which accounts for both direct and indirect, and use and non-use values. Official statistics concerning visitors' numbers can represent a real world reference for the popularity of protected areas; however, visitation statistics are missing for most protected areas globally (Eagles et al., 2002) , and even when visitation statistics are available, additional information on what people actually do during their visit is often lacking (Buckley, Robinson, Carmody, & King, 2008) . Recently there have been studies whose aim was to predict visitation rates using statistical modeling to estimate the economic value generated by protected areas (Balmford et al., 2015) , to quantify human presence in protected areas using crowdsourced and remote-sensing data (Levin, Kark, & Crandall, 2015) , and to assess the potential attractiveness of protected areas based on the species which are present in them using the Flickr photo-sharing website (Willemen, Cottam, Drakou, & Burgess, 2015) . PPGIS and VGI methods have been used to identify both use and non-use values in protected areas in multiple global settings including the U.S. (Brown & Alessa, 2005; Brown, Kelly, & Whitall, 2014; Van Riper and Kyle, 2014) , Canada (Beverly, Uto, Wilkes, & Bothwell, 2008) , and Australia (Brown, Weber and De Bie, 2014; Van Riper Levin et al., 2015) . Flickr is a photo-sharing website, and Flickr photos have been shown to be well-correlated with official visitation statistics Wood et al., 2013 (Haklay, 2010) . The density of vertices within protected areas is expected to reflect the physical infrastructure, as well as the interest and familiarity in a protected area by the public. Parks with more facilities for visitors (e.g., trails, tracks, roads) and which are planned to attract more visitors, will likely have more features which can be mapped using OSM. Thus, parks with more OSM vertices are an indication of more mapped features, but also of greater familiarity and interest by the public in mapping it. In addition, the density of vertices can indicate the accuracy (i.e. scale) in which the mapping was done. The number of vertices used to digitize a certain feature depends both on the geometric complexity of that feature, and also on the levels of generalization and simplification used by the person who digitized that feature. Thus, more vertices can also indicate more care and details in the mapping process.
et al., 2012) . In this study, place values identified with a range of primary crowdsourced data (PPGIS) are compared to secondary crowdsourced VGI data (Flickr counts, Wikipedia edits, OSM edits), and to visitation statistics. Using the state of Victoria, Australia as a case study the following research questions were asked: (1) how strongly correlated are the various sources of crowdsourced data and visitation statistics and do they provide similar or different information, (2) does the type of protected area (e.g., national versus metropolitan park) influence the utility of crowdsourced information, (3) which categories of perceived protected area values (e.g., recreation, scenic, biological) are best represented in crowdsourced data, and (4) can crowded-sourced data be used to build a robust, predictive model of protected area visitation? In addition, the influence of parks' accessibility from populated areas on their crowdsourced information was assessed using artificial night-light data. We conclude the article by discussing the potential of crowdsourced data for assessing protected area importance from the perspective of spatial data quality.
Methods

Study area
This study covered the state of Victoria, the sixth largest state or territory in Australia with an area of 237,629 km 2 and an estimated population of 5,768,600 (Australian Bureau of Statistics, 2013). Most of Victoria's population is concentrated near the capital city of Melbourne, Australia's second-largest city. About 35% of Victoria is public land estate ("Crown" lands), including state managed national parks, state forests, federally managed commonwealth lands, metropolitan and regional parks, and specialized reserves for the protection of historic and cultural resources. Parks and conservation reserves make up about 50% of all Crown land while state forests comprise about 40% (DEPI, 2013).
Data sets
We used a polygon layer of protected areas in Victoria from the public land classification geodatabase (PLMGEN) maintained by the Victorian Department of Environment and Primary Industries (DEPI). The protected area dataset included 36 protected area types (Table S1) . A spatial buffer of 1 km was calculated for each of the protected areas to account for edge effects and to capture nearby areas when intersecting this layer with crowdsourcing layers with lower spatial precision. The popularity and perceived importance of these protected areas was examined using the following sources (Table 1) : Visitation, PPGIS, Flickr, Wikipedia and OpenStreetMap.
The mean and maximum values of artificial night-lights as of May 2014 were mapped within each protected area using the Suomi National Polar-Orbiting Partnership (NPP) Visible Infrared Imaging Radiometer Suite (VIIRS) (available from http://ngdc.noaa. gov/eog/viirs/download_monthly.html, accessed January 26th, 2016) as an indicator of human activity such as population centers and industrial activity (Rom an & Stokes, 2015; Zhang, Levin, Chalkias, & Letu, 2015) . VIIRS Day/Night Band acquires visible light at night-time hours at a spatial resolution of 0.75 km (Miller et al., 2013) with radiance values provided in nanoWatts/cm 2 /sr.
Analyses
For each of the protected areas, we identified the number of observations where crowdsourced data were available as a measure of data completeness. Data completeness refers to the presence/ Table 2 Spearman's rank correlation coefficients between total number of protected areas (N), total area and counts of Visitors (official number of visitors), PPGIS (number of PPGIS value points), Flickr (number of Flickr photos), OSM (number of OSM vertices) and Wikipedia (number of edits to Wikipedia articles), where the observations units are protected area types (n ¼ 36; Table S1 ). In the correlations shown above the diagonal, observations for which no data was available were given the value of 0. absence of feature entities as well as to the attributes associated with the feature entities (Veregin, 1999) . Completeness can thus be determined by comparison of actual entities/attributes to the abstract or theoretical set of all feature objects or attributes of interest. Data was aggregated and analyzed by protected area type, in addition to the analysis at the level of individual protected areas. As a surrogate for the accessibility of protected areas from Victoria's largest city, the mean distance of all grid cells within each of the protected areas was calculated from the brightest grid cell in Melbourne, Victoria. The urban system of Australia is very centralized, with just a small number (five) of cities which are very large (Pumain & Moriconi-Ebrard, 1997) including the capital city of Melbourne that contains 76% of the state's population (Australian Bureau of Statistics, 2016). In addition, Australian cities are spread out with most suburbs comprising low-density development (Black, 1996) . Therefore, the CBD of Melbourne, whose location was determined here based on its night-time brightness, can serve as a good measure for identifying the population center of the State of Victoria.
Spearman rank correlations (R S ) were calculated in XLSTAT (2015, Addinsoft ® ) to quantify and test the significance of the correspondence between the variables of visitation, PPGIS, Flickr, Wikipedia, OSM, VIIRS night lights, and distance from the brightest grid cell in Melbourne. Correlations were examined for both raw values (e.g., number of Flickr photos) and standardized values as determined by dividing the raw values by protected area size (e.g., number of Flickr photos/km 2 ). Finally, stepwise multiple regression models were run using XLSTAT (2015, Addinsoft ® ) to assess the potential for VGI variables to be used as proxies for estimating visitor counts to protected areas. The probability for entry into the stepwise regression model was set as 0.05, and the probability for removal from the stepwise regression model was set as 0.1 (these are commonly used default values; Colman & Pulford, 2011) . Models were run with and without log transforming the variables, and using both raw and standardized counts by protected area size.
Results
Crowdsourcing information by type of protected area (n ¼ 36)
Overall in our dataset, there were 3072 protected areas with a total area of 87,733 km 2 and a median area of 6.6 km 2 , consisting of 36 different types of protected areas. National parks comprised 45.2% of the total area (but just 1.5% of the total number of protected areas), and bushland reserves comprised 11.4% of the total area (but 47.3% of the total number of protected areas) ( Table S1 ). Out of the 3072 protected areas, VGI data was available at varying degrees of completeness for analysis: OSM (n ¼ 2774 protected areas), Flickr photos (n ¼ 1264 protected areas), PPGIS (n ¼ 749 protected areas), formal visitation statistics (n ¼ 163 protected areas for which there was a match between the protected areas GIS dataset and the names of protected areas given by Parks Victoria, 2011) and Wikipedia articles (n ¼ 127 protected areas) ( Fig. 1 ; Table S1 ). The most abundant crowdsourced information by protected area type was for National Parks and Metropolitan Parks ( (Table S2 ). An examination of the correspondence between crowdsourcing data by protected area type (n ¼ 36) showed that the variables of PPGIS, Flickr and OSM were highly correlated and significant (R s ! 0.9; Table 2 ). Official visitation statistics were significantly correlated with all crowdsourcing variables; however, Wikipedia was not significantly correlated with the other three crowdsourcing data types (Table 2) . Similar patterns emerged when examining the (Table S1 ).
National park -schedule 2, National parks act (n ¼ 39)
State park -schedule 2B, National parks act (n ¼ 22)
Other park -schedule 3, National parks act (n ¼ 6)
Marine national park -schedule 7, National parks act (n ¼ 5) total numbers of crowdsourced data (e.g., the total number of Flickr photos within a certain type of protected areas, not the number of protected areas of a certain type with Flickr photos) with Wikipedia being the crowdsourcing data type least correlated with other crowdsourcing information types (Table 3) . 
Crowdsourcing information analyzed for individual protected areas (n ¼ 3072)
Statistically significant correlations were found between all data sources for protected areas, either when examined with raw numbers (Table 4) or when normalized by area (Table 5 ). The statistical correlations between official visitation statistics and the four crowdsourcing variables were higher after normalizing by area and excluding protected areas without data (Table 5) . Statistical correlations between visitor counts and the four VGI variables varied as a function of the type of protected area (Table 6) ; correlations were larger and statistically significant between all variables for National Parks and statistically significant between three variables for State Parks (Table 6 ). The correlations with metropolitan and reservoir parks were smaller (less than 0.5) and non-significant (Table 6) .
Using raw counts to map the popularity of Victoria's protected areas, clear spatial patterns were not obvious (Fig. 1) . However, after normalizing the five VGI measures by protected area size, a clear pattern emerged, with protected areas that were closer to Melbourne (the capital of Victoria, and home to 74% of Victoria's population) being more popular ( Fig. 2 ; Melbourne is the large bright area in the bottom-center of Fig. 2f ). Indeed, statistically significant correlations were found showing that protected areas further away from Melbourne were less popular (Table 7) , and protected areas which were brighter (i.e., near artificial night-light sources) were more popular (Table 7) . When analyzing the percent of PPGIS value points within protected areas by the types of values mapped, protected areas were more popular (i.e., more visited, having more Flickr photos, more OSM vertices and more Wikipedia article edits) if they were perceived as providing direct use values as identified in PPGIS (therapeutic/health, scenic/aesthetic, recreation, learning/education/research, heritage/culture), whereas protected areas which were perceived as providing indirect use values (wilderness/pristine, intrinsic/existence, biological/conservation) were less popular (Fig. 3) .
In the stepwise multiple regression models, the explanatory power of the crowdsourced variables for predicting visitor counts was high, ranging between 0.48 and 0.79 (Table 8 ; Fig. 4) . Out of the 10 models tested, the crowdsourced variable most frequently included in the model was Wikipedia (10), followed by PPGIS (7), OSM (7), and Flickr (6) ( Table 8) . The crowdsourced variable which consistently had the largest standardized coefficient was PPGIS (4; between 0.38 and 0.56), followed by OSM (4; 0.48), and Flickr (2; 0.62) ( (Table 8) .
Discussion
Our study found strong and significant correlations between all crowdsourced data and visitation statistics, demonstrating the potential to use crowdsourced data to characterize the social and perceived importance of protected areas and as a proxy for visitation statistics. However, there were differences in the strength of correlations, data quality, and information characterized by the different types of crowdsourced data. These differences can be attributed to the range of methods for deriving the data, from social survey methods using PPGIS to geotagged Flickr "big data" as proxies of public preferences. These differences and the advantages and disadvantages of the crowdsourced data tested in this study are summarized in Table 9 .
Strength of correlation between crowdsourced data and visitation
Our results suggest that a wide range of crowdsourced data can potentially be used as a surrogate for visitation statistics. While previous studies have shown that Flickr photo density are correlated with visitation statistics (e.g., Levin et al., 2015; Wood, Guerry, Silver, & Lacayo, 2013) , this is the first study to demonstrate the potential utility of OSM and Wikipedia crowdsourced data for this task. However, Wikipedia generally had lower correlations with other crowdsourced data and visitation statistics suggesting lower suitability for this purpose. The patterns of spatial distribution of visitation and crowdsourced data were also similar with protected areas closer to Melbourne and populated areas showing larger counts.
The relatively high correlations and reasonably strong, predictive models from crowdsourced data suggest their potential utility for assessing protected area visitation. However, these findings must be tempered by data limitations, the most important being the completeness of crowdsourced data (Balmford et al., 2015) . The coverage of crowdsourced data across Victoria was spotty, with coverage diminishing as a function of distance from Melbourne, the primary population center. For example, Flickr data was available for less than half of the protected areas in the study area and for most protected areas, no PPGIS place values were mapped.
In this study, the visitation statistics were assumed to be accurate and reliable, but obtaining and accurately quantifying visitation is more challenging than it may appear. As noted by Buckley (2009) , few countries have accurate visitor numbers, reliable counts require continuously staffed access roads with no other entry, automated counters are expensive and inaccurate, and visitation numbers can vary daily by orders of magnitude making the comparison of single-day counts unreliable.
Utility of crowdsourced information by protected area type (e.g., national versus metropolitan parks)
Crowdsourced data was most complete for national parks that attract greater crowdsourcing effort by virtue of their size, status, and familiarity, and more limited for state, and especially metropolitan parks. Indeed, using multiple evaluation criteria, national parks in Victoria were rated higher than state parks (Deng, King, & Table 8 Multiple stepwise linear regression models, using VGI variables to predict visitor numbers in protected areas. The number of observations in all models was n ¼ 102. Models vary by the number of variable used, whether they were log transformed or not, and whether they were normalized by area size of the protected areas. The values for each of the independent variables in the table show their standardized coefficients in the model (if they entered it). Blank cells represent variables which were not included within a multiple regression analysis. Cells with values of 0.000 represent variables which were included in the statistical analysis but did not enter the stepwise regression model.
The bold values show the predictor variable with the highest coefficient in each column. Grey cells with values of 0.000 represent variables which were included in the statistical analysis but did not enter the stepwise regression model. Bauer, 2002) . Thus, the potential utility of crowdsourced data for identifying protected area importance appears highest for popular national parks, and lower for state and metropolitan parks. Visitation to national and state parks was significantly correlated with crowdsourced variables, but metropolitan parks were not significantly correlated despite some metropolitan parks being among the most visited. While crowdsourced data is often evaluated for its potential use in data poor regions, in the case of protected areas, crowdsourced data would appear to be more useful for protected areas that are likely to be more data rich, in this case, national parks.
Types of protected area values (e.g., recreation, scenic, biological) best represented in crowdsourced data
The strong correlations between crowdsourced data and visitation statistics suggest crowdsourced data may provide proxies for assessing direct use values associated with protected areas such as the enjoyment of scenery, recreation, learning opportunities, appreciation of history and culture, and therapeutic benefits. These findings are similar to other studies showing that perceived public land values associated with direct uses (e.g., recreation) tend to be located closer to populated areas than non-use values (Brown, Reed, & Harris, 2002; Brown, Weber, et al., 2014) . Indirect-use values (biological conservation and wilderness) and non-use values (intrinsic/existence) were found to be negatively correlated with crowdsourced data and thus non-PPGIS crowdsourced data appear to be an unreliable proxy for the full range of values and importance associated with protected areas. Given that many protected areas such as national parks have a dual and potentially conflicting statutory mandate to provide for both visitor enjoyment (direct use values) and natural and cultural landscape protection (Brown & Weber, 2011) , a distinctive advantage of PPGIS data collection over other crowdsourcing types is the capacity to assess 
Table 9
Summary of data quality and advantages and disadvantages of VGI, PPGIS and visitation variables for characterizing social values for protected areas. Each of the variables is denoted whether it can be characterized as "Big Data" (BD), active or passive collection method (A, P), structured or unstructured data types (S, US) e see Discussion. 
Crowdsourced data as a predictor of protected area visitation
While the predictive model of visitation statistics had large R 2 values, the explanatory power of crowdsourced variables identified by the model varied when using either raw or normalized data (log and area). The differences in the models are related to the distribution of data values which included a small number of very popular parks (mainly national parks). Log transforming or normalizing the data by area reduces the influence of these parks with larger visitor counts on correlations.
Crowdsourcing data quality considerations
Most of the research on the quality/credibility of VGI have focused on either accuracy in the traditional GIS land cover mapping data quality sense Haklay, 2010) or credibility-as-perception, where VGI data is evaluated in terms of the expertise and perspectives of the volunteers (Flanagin & Metzger, 2008; Spielman, 2014) . The use of VGI data in this study represents a departure from the original intention of crowdsourcing for accessing "collective intelligence" to one of identifying "collective values" or the perceived importance of protected areas. As noted by Brown, Weber, and de Bie (2015) , the credibility of crowdsourced data cannot be fully addressed without reference to the intended purpose and potential use of the spatial data. When assessing the quality of crowdsourced data for the purpose of measuring the importance of protected areas, the concepts of sample representativeness and sampling error become critically important, along with data completeness and spatial accuracy (Devillers & Jeansoulin, 2010; Lechner et al., 2014) .
Data from VGI are less structured in comparison to data gathered using PPGIS methods that often use systematic population sampling. Given the non-systematic, passive sampling that characterizes VGI systems, it is not possible to know the representativeness of the data collected. In contrast, PPGIS data collection is typically an active and structured data collection process that seeks to identify place values using pre-defined survey questions for a given study population. An important advantage of PPGIS is its foundation in social survey practice where measurement validity, response bias, and representativeness of data can be addressed (Brown, 2004) . PPGIS often involves active data collection in specific projects and thus is more expensive to implement (Table 9) . Indeed, identifying less expensive correlates of PPGIS data from VGI was a key motivation for undertaking the analyses in this paper.
The advantage of passive data collection approaches, utilizing big data (OSM and Flickr) , is the ability to collect greater quantities of data, resulting in greater coverage and thus completeness. Data gathered through VGI reflect a broad range of place-based features and visitor experiences. The importance of specific place values (e.g., scenery) could potentially be inferred from VGI data such as Flickr (e.g. Li et al., 2009; Yanai et al., 2009) and there is also the potential to identify the characteristics of contributors through conducting content analysis of user contributions.
Spatial precision/resolution was much higher for OSM, Flickr and PPGIS data than for visitation statistics and Wikipedia. Higher spatial resolution data allows for the identification of hot-spots of interest within protected areas, including the locations where people actually visit. In contrast, visitation statistics and Wikipedia provide information at a coarse spatial scale for the entire protected area. However, using gazetteers (Gao et al., 2014) , the spatial information available within Wikipedia articles can be enhanced to identify specific locations within protected areas.
A key source of uncertainty common to all crowdsourced methods is collection bias, where accessibility, proximity, and familiarity strongly influence what people contribute to crowdsourced databases. The natural tendency for individuals to engage in geographic or spatial discounting (mapping attributes closer to home), in combination with the uneven spatial distribution of human settlements, will necessarily result in clustered and nonuniform crowdsourced data vis-a-vis protected areas. Although web interfaces allow users to enter observations anywhere in the world, the amount of user-contributed data in all cases (PPGIS, OSM and Wikipedia) was biased toward populated areas within the state of Victoria. Indeed, accessibility is known to be a key factor driving visitation rates (Balmford et al., 2015; Levin et al., 2015) while familiarity and proximity are key variables that determine what people map in PPGIS systems (Brown & Kytt€ a, 2014) , as well as the contributions to Wikipedia articles (Hardy et al., 2012) . Thus, crowdsourcing data for protected areas will be biased toward direct use values in locations that are proximate, accessible, and familiar.
Conclusion
Crowdsourced data through VGI has the potential to provide valuable information on place values and visitation for conservation planners and protected area managers. OSM and Flickr, in particular, provide a free, up-to-date, and high spatial and temporal resolution information source. However, as our analyses revealed, each crowdsourced database has limitations in terms of spatial data quality and sampling bias. While PPGIS and reported visitation data provide less ambiguous measures for assessing the importance of protected areas, VGI data have greater coverage (in particular Flickr and OSM). Validating these data sources and addressing uncertainty in VGI data represents an important area of future research that will be necessary before crowdsourced data achieves acceptance for use in protected area planning and management, and for quantifying and qualifying the characteristics and values of protected areas.
